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Abstract
Recently crowdfunding has emerged as an important source of funding for creative projects and ventures
around the world. In this paper we examine how peer adoption of crowdfunding influences a spatial
diffusion of crowdfunding adoption by creators over time. We obtained data on the creation of
crowdfunded projects from a leading crowdfunding campaign from 2009 to 2013. We find that creators
from socially similar areas are influential to later creators while those from geographically proximate
areas are rarely influential. Furthermore, the influence of creators from socially similar areas generally
increases over time. Overall, our study provides an insight into the spatial diffusion of crowdfunding and
offers implications for platform providers and project creators.
Keywords: crowdfunding, geography, social similarity, diffusion, platform

Introduction
The proliferation of Internet based platforms has created an emerging channel of funding – crowdfunding.
In crowdfunding, an individual requests funding for an idea and a large number of unaffiliated individuals
contribute to fund the project. Crowdfunded projects range from small creative projects to entrepreneurial
ventures seeking millions of dollars in funding. The crowdfunding marketplaces have grown rapidly in
recent years, attracting an estimated $34.4 billion worldwide in 2015.
In theory, online markets remove some frictions that hinder market transactions, since they empower
market participants with tools to lower communication and search costs. In other words, online markets
provide a platform where market participants can make a transaction regardless of the location of their
partners. As such, some people believe that “location”, a key determinant of funding success for traditional
channels, might not be critical for online crowdfunding markets. This raises an important question about
how the adoption of crowdfunding by creators is likely to evolve not only through time but also over space.
In particular, how might creators at crowdfunding platforms react to the adoption of their peers? How do
information channels play a role in this relationship? This research is intended to examine these questions.
Having a better understanding of a geographical adoption of crowdfunding over time is important, because
some argue that crowdfunding helps democratize access to finance (Kim and Hann 2017). Thus, which areas
have crowdfunding adoption may be closely related to the issue of how we can make more people access
financial resources for their new business, their support of medical expenses, and so on. Crowdfunding is
also believed to spur local innovative activities and create new ventures (Stanko and Henard 2017). Given
that creation of small business is a key driver for job creation, promoting crowdfunding in more areas can
be crucial for enhancing entrepreneurship and resulting job creation.
To examine the research questions, we collected data from Kickstarter, one of the leading crowdfunding
markets. Established in 2009, Kickstarter has emerged as a major online crowdfunding marketplace for
various creative projects from technology and game to arts and dance. We obtained data covering April
2009 through December 2013. We focused only on US. Projects mainly because of the availability of
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geographical data. We have over 62,000 projects that attracted more than $420 million from 570 thousand
pledges. For each project, we have information on project-specific characteristics (e.g., goal amount,
pledged amount, category, and project location).
We find that the number of previous projects from the same area is positively associated with the number
of new projects, indicating a strong local herding effect. More interestingly, we find that prior projects from
socially similar areas are associated with more new projects in the focal area, while those from
geographically proximate areas are rarely associated. This implies that creators are more influenced by
those from socially similar areas rather than from geographically proximate areas. Furthermore, the
influence of creators from socially similar areas generally increases over time.
Our study makes contributions to the literature. First, it is among the first to highlight the role of different
types of peer groups in explaining a spatial diffusion of crowdfunding and contributes to the literature on
crowdfunding which tends to focus relatively less on the geographical diffusion of crowdfunding (Sorenson
et al. 2016). Second, we further shed light on the importance of social similarity in accelerating the diffusion
of crowdfunding. Geographical proximity is rarely crucial for the diffusion of crowdfunding unless not
within the same area. This has been rarely discussed in the literature on crowdfunding, more generally on
online platforms.

Literature Review
A growing body of literature has examined the concept of online crowdfunding platforms (Mollick, 2014).
In general, crowdfunding platforms differ in terms of the funder’s primary motivation. Funders participate
in expectation of some sort of financial return (e.g., in Crowdcube), no monetary compensation (e.g., in
Kiva), or tangible, but non-financial, benefits (e.g., in Kickstarter) for their financial contributions. Market
participants are expected to behave differently depending on different types of incentives (Kuppuswamy
and Bayus, 2017). Existing work on crowdfunding has provided conceptual and legal analysis (Belleflamme
et al., 2014). For example, Agrawal et al. (2014) provide a good overview of the economics of crowdfunding,
especially crowdfunding for equity, which is often called equity-based crowdfunding. They consider
crowdfunding as a puzzling market, since funders appear to make contributions in the market with high
levels of information asymmetry and risks without practicing careful due diligence. They describe incentives
of all participants in crowdfunding (i.e., creators, funders, and platforms) and discuss market mechanisms
that may be effective in reducing potential market failures.
A small body of literature has provided empirical evidence of the behavior of market participants in
crowdfunding markets (Burtch et al., 2015). Social influence among funders has been the most examined
factor in the literature. This topic has been examined in donation-based markets (Burtch et al., 2013),
reward-based markets (Kuppuswamy and Bayus, 2017), and lending-based markets (Lin et al., 2013; Zhang
and Liu, 2012). Kim and Viswanathan (2016) further show that reputable investors are disproportionately
influential in a revenue sharing-based crowdfunding market. Altogether, the literature shows that social
influence does matter for crowdfunders, but whether this social influence holds at a geographical level,
especially for project owners has been remained unknown so far.
Our project is more broadly related to the literature on herding behavior – especially, studies focusing on
the mechanism of observational learning. There is an extensive literature on observational learning starting
with the seminal works of Banerjee (1992) and Bikhchandani et al. (1992). A body of literature shows that
observational learning can explain a large variety of social behaviors such as consumer demand, technology
adoption, and kidney transplantation (Conley and Udry, 2010; Nanda and Sørensen, 2010; Salganik et al.,
2006). For instance, several studies find that popularity information affects consumers’ behavior in an ecommerce context (Tucker and Zhang, 2011) and in the context of restaurants (Cai et al., 2009). A couple
of recent studies show information-based herding in online crowdfunding markets such as a peer-to-peer
lending market (Zhang and Liu, 2012) and a reward-based crowdfunding market (Agrawal et al., 2015).
A small body of literature examined the role of geography in contribution patterns and suggested a reduced
role for geographical proximity (Agrawal et al., 2015). Lin and Viswanathan (2015) have also looked at a
similar question in an online lending-based market, showing there is still a significant “home bias” in the
market. In addition, tighter credit constraints due to housing price decline in an area increase the
propensity of entrepreneurs living there to use crowdfunding over bank lending, which suggests that online
crowdfunding is serving as a viable alternative to local traditional sources of funding (Kim and Hann, 2017).
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Though an increasing body of literature has been examining the role of geography in crowdfunding markets,
we know little about the spatiotemporal diffusion of crowdfunding adoption and the effect of geographical
proximity and social similarity on the diffusion in particular.
Since creating a crowdfunded project can be thought of as a new form of entrepreneurship, our project also
relies on the literature on entrepreneurship, especially examining the role of geography in
entrepreneurship. The existing literature offers several explanations on why entrepreneurship differs by
geography. The first explanation focuses on the supply of potential entrepreneurs. This theory suggests that
the level of initial human capital base in an area affects the entrepreneurial rate in the area. A second
explanation highlights the importance of a large customer base. Entrepreneurs may start businesses to cater
to this customer base (Glaeser, 2007). Customers may also play a role in providing capital and investment
support to certain projects (Ordanini et al., 2011). The ability of some areas to foster new ideas is another
potential reason why they become hubs of entrepreneurship. Entrepreneurial ideas are often
recombinations of existing ideas (Fleming, 2001). Hence, the presence of suppliers of ideas can spur
entrepreneurship by facilitating the creation of new ideas and the transfer of existing ones. A fourth view
points to a local culture of entrepreneurship as a key determinant. Some regions may simply have a strong
culture of entrepreneurship, while others may just follow tradition and old social norms. Last but not least,
entrepreneurship is also likely to be driven by access to capital and credit (Kerr and Nanda, 2009). In this
study we examine the social interaction of market participants across areas as another driver of local
entrepreneurial activity.
Our project is also related to the literature on the diffusion of innovations (Rogers, 2010). Studies that are
directly related to our study provide us with two key findings. First, diffusion is more likely to happen when
two persons are geographically proximate. Extant studies found this type of spatial diffusion for prescribing
physicians (Manchanda et al., 2008) and for purchasing at an online retailer (Choi et al., 2010). Second,
the odd of herding is higher among people who are similar. These include firms with similar cultural
backgrounds (Albuquerque et al., 2007), persons with similar socio-demographic traits (Yang and Allenby,
2003), and researchers with common research interests (Rosenblat and Mobius, 2004). Our research
contributes to this literature by examining the spatiotemporal diffusion of crowdfunding adoption as a
function of these two factors (i.e., geographical proximity and social similarity). A body of literature further
examines the role of media in the diffusion of information. Previous research shows that traditional media
and social media affect a consumer’s demand of innovation (Chevalier and Mayzlin, 2006; Elberse, 2007).

Data and Empirical Analyses
Data and Variables
We collected all U.S. based projects launched on Kickstarter from its inception to December 2013, leading
us to have over 62,000 projects. We focused only on U.S. projects because geographic data such as local
average income and the share of people with high education are not generally available in the other regions.
For each project we have information on project (e.g. goal amount and launch date) and project creator
(e.g., user name and location) characteristics.
Knowing each project’s location by city and state allows us to determine local conditions for each project.
We then matched each project to a Core-Based Statistical Area (CBSA). The CBSA may be either a
Metropolitan Statistical Area (MSA) (containing an urban area of 50,000 or more population) or a
Micropolitan Statistical Area (MiSA) (containing an urban area of at least 10,000 (but less than 50,000)
population). Our use of a CBSA as the unit of location was driven by the fact that Kickstarter provides only
city and state information. CBSAs appropriately assign both the urban core and adjacent counties to one
location.
Once we match each project to a CBSA, we measure the level of crowdfunding activities made by project
owners during our study period at the CBSA and quarter level. We use a quarter corresponding to a project’s
launch date on the platform. We consider two measures to represent crowdfunding activities at the CBSAquarter level - the number of total projects and the sum of the goal amounts of all the projects at the CBSA
and quarter level.
In addition, we use as control variables several demographic and socioeconomic variables that previous
literature has shown to be key determinants of entrepreneurship. We first include the Internet connectivity
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as proxied by the number of high-speed internet service providers (ISPs). The information on the number
of ISPs at the county level is extracted from the Federal Communications Commission. This information is
then averaged across all counties in a CBSA. This variable represents the diffusion of the Internet within
the CBSA which may affect crowdfunding activity. We include several variables to represent local economic
conditions. We first use Small Area Income and Poverty to get information on the median household
income. We collect data on the unemployment rate from Bureau of Labor Statistics. We also get data on the
number of small establishments from the County Business Patterns. Small establishments are those with 14 full-time employees. Finally, we collect data on the share of home ownership. These variables are used to
test whether better local economic conditions induce local people to create more crowdfunded projects in
expectation of greater contributions.
We also collect CBSA-level data on total population, education profile, race profile, and age profile from the
American Community Survey (ACS). These variables as a whole helped account for several determinants of
entrepreneurship such as a pool of entrepreneurs, consumer base, and labor input. The ACS is a nationwide
survey designed to collect and produce economic, social, and demographic information annually. The
information from the ACS allows us to control for the underlying propensity of the CBSAs to engage in
crowdfunding.
Using location-specific variables, we also constructed two key independent variables to capture the
influence of peer creators based on geographical proximity and social similarity. For a measure based on
geographical proximity, we compute the geographical distance between every pair of all the CBSAs in our
dataset using the geographical information of CBSAs from U.S. Census and consider the 10 most proximate
CBSAs to a particular CBSA in our main model. In regard to social similarity, we assume that common
socioeconomic characteristics across areas represents the level of similarity of the areas. In other words, if
two areas share similar socioeconomic characteristics, they are more likely to influence each other. We first
define a ‘profile vector’ that describes socioeconomic characteristics for each area and calculate the
normalized pairwise social similarity in all the CBSAs. Similarly, we consider only the 10 most similar
CBSAs based on the social similarity measure. Using the similarity measures, we measure the cumulative
creation of crowdfunding projects by the two types of peer groups. Finally, we construct the cumulative
creation of crowdfunding projects at a focal CBSA. Tables 1 and 2 present the definitions and the descriptive
statistics of crowdfunding adoption of creators as well as other variables.
Table 1. Definition of Key Variables
Variable
Number of crowdfunded projects
Geographic proximity-based peer
adoption
Social
similarity-based
peer
adoption
Internet connectivity
Unemployment rate

Number
of
establishments

small

Total population
Median household income
% Owner occupied housing
% White
% Bachelor
% Male
% Population between 20 and 39
% Population between 40 and 59

Definition
Number of new projects at Kickstarter
Cumulative number of previous projects
from geographically proximate areas
Cumulative number of previous projects
from socially similar areas
Number of high-speed Internet service
providers
Unemployment rate

Number of establishments with one
to four employees
Total population
Median household income
Percentage of owner occupied housing
Percentage of white people in the
population
Percentage of university graduates in the
population
Percentage of males in the population
Percentage of people aged between 20
years and 39 years in the population
Percentage of people aged between 40
years and 59 years in the population

Source
Kickstarter
Kickstarter
Kickstarter
Federal
Communications
Commission
Bureau of Labor Statistics

County Business Patterns
American Community Survey
Small Area Income and Poverty
American Community Survey
American Community Survey
American Community Survey
American Community Survey
American Community Survey
American Community Survey
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Table 2. Summary Statistics
Variable
Number of crowdfunded projects in CBSA–
quarter
Geographic proximity-based cumulative peer
adoption in CBSA-quarter
Social similarity-based cumulative peer
adoption in CBSA-quarter
Number of Internet service providers in CBSA–
quarter
Unemployment rate in CBSA-quarter
Number of small establishments in CBSAquarter
Total population in CBSA-quarter
Median household income in CBSA-quarter
% Owner occupied housing
% White in CBSA-quarter
% Bachelor’s degree in CBSA-quarter
% Male in CBSA-quarter
% Population between 20 and 39 in CBSAquarter
% Population between 40 and 59 in CBSAquarter

Mean

SD

Minimum

Maximum

Observations

6.94

44.09

0

1183

13,647

62.52

134.28

0

1762

13,647

51.72

168.81

0

3303

13,647

15.45

5.18

5

52

13,647

0.09

0.03

0.01

0.30

13,647

5,044

17,918

171

345,437

13,647

385,868
45,175
68.30
82.70
22.83
49.55

1,161,014
8,595
6.29
13.62
8.07
1.56

20,155
22,418
45.71
47.69
7.9
43.84

19,800,000
85,478
90.61
98.47
58.3
67.10

13,647
13,647
13,647
13,647
13,647
13,647

25.99

4.12

12.3

44.6

13,647

27.11

2.58

14

35.5

13,647

Empirical Models
The adoption of crowdfunding by project creators is assumed to depend on the peer adoption, on
socioeconomic factors, on demographic factors, and on CBSA-specific unobserved factors. Therefore,
crowdfunding activity can be expressed by the following model:
𝐿𝑛(𝐶𝑅𝑐𝑡 ) = 𝛼 + 𝛽1 𝑃𝑒𝑒𝑟_𝐺𝑆𝑐𝑡−1 + 𝛽2 𝑃𝑒𝑒𝑟_𝑆𝑆𝑐𝑡−1 + 𝐗 𝒄𝒕 𝜹 + 𝜃𝑐 + 𝜇𝑡 + 𝜖𝑐𝑡

(1)

where the subscript represents CBSA c at year-quarter t. 𝐶𝑅𝑐𝑡 represents creators’ use of crowdfunding,
which is measured as the log of the number of total projects (or log of the sum of goal amounts of total
projects) at CBSA c in year-quarter t.
𝑃𝑒𝑒𝑟_𝐺𝑆𝑐𝑡−1 and 𝑃𝑒𝑒𝑟_𝑆𝑆𝑐𝑡−1 represent the crowdfunding creation of creators who live in geographically
proximate (and socioeconomically similar) areas at the CBSA-quarter level, respectively. 𝛽 1 and 𝛽 2 are the
effects of peer adoption on crowdfunding adoption by focal creators, our parameters of interest. 𝐗 𝒄𝒕 is
represents time-varying CBSA-specific demographic and socioeconomic variables. 𝜃𝑐 refers to CBSA
dummies that allow for controlling for CBSA-specific unobserved factors. We included year-quarter
dummies 𝜇𝑡 to control for time-specific variations. 𝜖𝑐𝑡 is a random error term. We log-transformed total
population and the number of small establishments in the analysis and clustered the standard errors by
CBSA level.

Results
We conducted a series of regressions to examine the effect of peer adoption on new project creation.
Columns 1 of Table 3 report the fixed-effects estimates with a set of control variables. As expected, the
number of previous projects created at a focal CBSA is associated with the number of new projects at the
CBSA, implying that there is a local herding effect in crowdfunding. We also find that a greater number of
small ventures, a lower home ownership rate, a lower share of white people, and a lower share of people
with high education are associated with more new crowdfunding projects.
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Table 3. Peer Adoption on Creators' Use of Crowdfunding
Dependent variable

Ln (number of total
projects)
(1)

Ln(Geographic proximitybased cumulative peer
adoption)

Ln (total goal
Ln (number of total Ln (number of total
amounts of all
projects)
projects)
project)
(2)
(3)
(4)

0.025*
(0.011)

0.008
(0.010)

0.021
(0.014)

0.452**
(0.015)
-0.002
(0.003)
0.481
(0.523)

0.180**
(0.009)
0.393**
(0.013)
-0.005
(0.003)
0.102
(0.521)

0.060**
(0.012)
0.124**
(0.011)
-0.007
(0.026)
4.424
(4.852)

0.183**
(0.058)
-0.119
(0.113)
–0.000
(0.000)
–0.008*
(0.003)
-0.003**
(0.000)
-0.009*
(0.005)
-0.036**
(0.013)
0.007
(0.007)
-0.016*
(0.008)
Yes
Yes
0.51
13,647

0.191**
(0.058)
-0.114
(0.112)
–0.000
(0.000)
–0.004
(0.003)
-0.003**
(0.001)
-0.018**
(0.005)
-0.033**
(0.012)
0.005
(0.007)
-0.018*
(0.008)
Yes
Yes
0.53
13,609

1.495**
(0.561)
-0.793
(0.826)
–0.000
(0.000)
–0.042
(0.029)
-0.022**
(0.005)
-0.079*
(0.039)
-0.075
(0.109)
-0.013
(0.063)
-0.177*
(0.068)
Yes
Yes
0.39
13,609

Ln(Social similarity-based
cumulative peer adoption)
Ln(Cumulative own adoption) 0.452**
(0.015)
Internet connectivity
-0.001
(0.003)
Unemployment rate
0.395
(0.520)
Ln(Number of small
establishments)
0.183**
(0.057)
Ln (Pop)
-0.117
(0.113)
Median income
–0.000
(0.000)
–0.008*
% Owner occupied housing
(0.003)
% White
-0.003**
(0.000)
% Bachelor
-0.009*
(0.005)
% Male
-0.036**
(0.013)
% 20–39
0.007
(0.007)
% 40–59
-0.017*
(0.008)
CBSA FE
Yes
Time FE
Yes
Adjusted R^2
0.51
N
13,647

Note: The table reports the results from the fixed-effects estimations. Standard errors are clustered by CBSA. ** significant at 1%; *
significant at 5%

From column 2 on, we add our key peer adoption-based variables. In column 2, we add the log of the
cumulative number of previous projects initiated in most geographically proximate areas. The variable is
positive and statistically significant. However, when we add the social similarity-based peer adoption
variable in column 3, only the social similarity-based variable is significant, while both positive. This
suggests that after controlling for local adoption, creators on the platform are sensitive to the adoption of
peer creators from socially similar areas, but rarely to the adoption of peer creators from geographically
proximate ones. When we use the log of total goal amounts of all new projects as a new dependent variable
in column 4, we find qualitatively a similar result. We note that the adoption of local creators is still
influential. In Table 4, as a robustness check we use top 50 CBSAs to measure peer adoption. The results
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are qualitatively similar, while the social similarity-based measure becomes insignificant in column 2. This
implies that the effect of social similarity lowers as social similarity decreases.
Table 4. Peer Adoption on Creators' Use of Crowdfunding (Top 50 CBSAs)
Ln (number of total
projects)
(1)

Dependent variable
Ln(Geographic proximity-based cumulative peer
adoption)

0.009
(0.013)
Ln(Social similarity-based cumulative peer adoption) 0.164**
(0.010)
Ln(Cumulative own adoption)
0.427**
(0.013)
Yes
Controls
CBSA FE
Yes
Time FE
Yes
Adjusted R^2
0.52
N
13,609

Ln (total goal amounts of all
project)
(2)
-0.007
(0.039)
-0.007
(0.017)
0.123**
(0.011)
Yes
Yes
Yes
0.38
13,609

Note: The table reports the results from the fixed-effects estimations. Controls are not reported. Standard errors are clustered by
CBSA. ** significant at 1%; * significant at 5%

We next examine whether the effect of peer adoption varies over time. For this analysis, we drop
observations in year 2009, because the lagged peer adoption is zero for all the CBSAs in 2009, the founding
year of the platform. Table 5 shows that the social similarity-based peer adoption generally becomes more
influential over time. The effect of the geographic proximity-based peer adoption is generally weak and does
not vary significantly over time. Interestingly, the effect of local adoption becomes weaker over time. This
may suggest that too many local projects may compete with each other for limited funding at later periods,
thus discouraging some local creators from initiating projects.
Table 5. Time-Varying Effect of Peer Adoption
Ln (number of total
projects)
(1)

Ln (total goal amounts of all
project)
(2)

0.005
(0.011)

0.048
(0.025)

0.002
(0.008)

0.050
(0.040)

0.002
(0.009)

0.106*
(0.052)

0.004
(0.010)
Ln(Social similarity-based cumulative peer adoption) 0.119**
(0.012)
Ln(Social similarity-based cumulative peer adoption)
×yr2011
0.074**
(0.010)
Ln(Social similarity-based cumulative peer adoption)
×yr2012
0.131**
(0.013)

0.038
(0.055)
0.047**
(0.016)

Dependent variable
Ln(Geographic proximity-based cumulative peer
adoption)
Ln(Geographic proximity-based cumulative peer
adoption)×yr2011
Ln(Geographic proximity-based cumulative peer
adoption)×yr2012
Ln(Geographic proximity-based cumulative peer
adoption)×yr2013

0.123**
(0.035)
0.321**
(0.047)
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Ln(Social similarity-based cumulative peer adoption)
×yr2013
0.052**
(0.015)
Ln(Cumulative own adoption)
0.365**
(0.028)
0.016
Ln(Cumulative own adoption)×yr2011
(0.046)
-0.156**
Ln(Cumulative own adoption)×yr2012
(0.059)
-0.110**
Ln(Cumulative own adoption)×yr2013
(0.031)
Yes
Controls
CBSA FE
Yes
Time FE
Yes
Adjusted R^2
0.49
N
11,446

-0.136**
(0.051)
0.167**
(0.020)
1.363*
(0.630)
-1.180
(0.816)
-1.488**
(0.309)
Yes
Yes
Yes
0.35
11,446

Note: The table reports the results from the fixed-effects estimations. Controls are not reported. Standard errors are clustered by
CBSA. ** significant at 1%; * significant at 5%

Conclusion and Discussion
We examined how peer adoption affects the creation of crowdfunded projects as a way to gain insight into
how crowdfunding spreads to different areas over time. We find that peer creators from socially similar
areas are influential while those from geographically proximate areas (not from the same area) are little
influential. We further find that the influence of peer creators from socially similar areas generally increases
over time at least during our study period. This is in contrast to the influence of local creators from the same
area whose influence decreases over time.
Our findings present interesting implications for the growing literature on crowdfunding. Although several
studies have examined the peer influence in crowdfunding, little has been known about how different types
of peers affect the project creation of creators. Our research indicates that creators from socially similar
creators along with within-area creators are influential, while creators from geographically proximate areas
are little influential. This suggests that in today’s social media environments, information about
crowdfunding may flow through similar people who are connected to each other online rather than through
physical geography.
Our study has managerial implications for platform providers. Our study implies that crowdfunding
platform providers in their infancy should focus initially on large metropolitan areas. However, this strategy
should adjust over time to incorporate the social similarity effect as local concentration of project creation
decreases. The providers need to attract creators from spatially broader but socially similar areas to their
long-term sustainability. Those creators can be more influential as their platforms become more mature.
On the other hand, our findings highlight that targeting geographically proximate areas at later periods may
not be a good strategy as their relative influence decreases over time.
Our research also provides important implications for creators seeking financial resources. Our study
suggests that creators especially from less populous areas should make an effort to serve sparse demand
from geographically diverse areas. Because securing appeal to similar people from diverse areas becomes
more important over time, creators need to improve the ability to sell in essentially unlimited local markets.
They also need to have a better strategy to target a small set of people who are socioeconomically similar
but may be geographically spread.
In this paper, we modelled the geographic component in a limited way. It would be interesting for future
research to apply various spatial models to the context of crowdfunding more directly.
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